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Abstract: Long-term electricity demand forecasting plays an important role in planning for
future generation facilities and transmission augmentation. In a long term context, planners
must adopt a probabilistic view of potential peak demand levels, therefore density forecasts
(providing estimates of the full probability distributions of the possible future values of the
demand) are more helpful than point forecasts, and are necessary for utilities to evaluate
and hedge the ﬁnancial risk accrued by demand variability and forecasting uncertainty. This
paper proposes a new methodology to forecast the density of long-term peak electricity
demand.
Peak electricity demand in a given season is subject to a range of uncertainties, including un-
derlying population growth, changing technology, economic conditions, prevailing weather
conditions (and the timing of those conditions), as well as the general randomness inherent
in individual usage. It is also subject to some known calendar effects due to the time of day,
day of week, time of year, and public holidays.
We describe a comprehensive forecasting solution in this paper. First, we use semi-
parametric additive models to estimate the relationships between demand and the driver
variables, including temperatures, calendar effects and some demographic and economic
variables. Then we forecast the demand distributions using a mixture of temperature simula-
tion, assumed future economic scenarios, and residual bootstrapping. The temperature sim-
ulation is implemented through a new seasonal bootstrapping method with variable blocks.
The proposed methodology has been used to forecast the probability distribution of annual
and weekly peak electricity demand for South Australia since 2007. We evaluate the perfor-
mance of the methodology by comparing the forecast results with the actual demand of the
summer 2007/08.
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1 Introduction
Electricity demand forecasting is a key task for the effective operation and planning of power
systems. Demand forecasting is concerned with the prediction of hourly, daily, weekly, and
annual values of the system demand and peak demand. Such forecasts are sometimes catego-
rized as short-term, medium-term and long-term forecasts, depending on the time horizon.
Long-term demand forecasting, usually corresponding to the forecast horizon from several
months to several years ahead, is an integral process in scheduling the construction of new
generation facilities and in the development of transmission and distribution systems. An
overestimate of long-term electricity demand will result in substantial wasted investment in
the construction of excess power facilities, while an underestimate of demand will result in
insufﬁcient generation and unmet demand.
In the literature to date, short-term demand forecasting has attracted substantial attention
due to its importance for power system control, unit commitment, economic dispatch and
electricity markets. On the other hand, medium- and long-term forecasting have not received
as much attention, despite their value for system planning and budget allocating.
The natures of long-term and short-term demand forecasts are quite different. For short-term
forecasting, we are often interested in point forecasts (i.e., forecasts of the mean or median
of the future demand distribution). For long-term forecasting, point forecasts are of limited
interest as they cannot be used to evaluate and hedge the ﬁnancial risk accrued by demand
variability and forecasting uncertainty. Instead, density forecasts (providing estimates of the
full probability distributions of the possible future values of the demand) are more helpful
and necessary for long-term planning. For example, the National Electricity Market (NEM) of
Australia asks for different levels of the Probability of Exceedance (POE) to be provided with
forecasting (Power Systems Planning and Development, 2005). Another difference between
short-term and long-term demand forecasting is in their use of meteorological information. It
is well known that meteorological variables are the key inputs for most demand models. For
short-term forecasts (up to one week ahead), such information can be obtained from weather
services; but it is unavailable for long-term forecasts and so we require a feasible method to
generate realistic future temperatures.
A wide variety of forecasting techniques have been proposed in the past few years, mostly as-
suming short-term forecast horizons. These techniques can be classiﬁed into several groups:
statistical models including linear regression and time series methods (Weron, 2006; Huang
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and Shih, 2003; Taylor, 2003; Al-Hamadi and Soliman, 2005; McSharry et al., 2005a); ar-
tiﬁcial intelligent approaches including artiﬁcial neural networks and fuzzy logic methods
(Kermanshahi, 1998; Hippert et al., 2001; Amjady, 2006, 2007; Kandil et al., 2002; Song
et al., 2005); and other methods including machine learning, data mining techniques and
grey models (Chen et al., 2004; Fan and Chen, 2006; Morita et al., 1996). For long-term de-
mand forecast horizons, a few researchers have proposed interval and probabilistic forecasts,
notably Morita et al. (1996) and McSharry et al. (2005a). We build on this latter work by
proposing a comprehensive methodology to forecast the density of annual and weekly peak
electricity demand up to ten years ahead.
Peak electricity demand in a given season is subject to a range of uncertainties, including
underlying population growth, changing technology, economic conditions, prevailing weather
conditions (and the timing of those conditions), as well as the general randomness inherent in
individual usage. To deal with the various uncertainties and obtain density forecasts, we ﬁrst
estimate the relationships between demand and the driver variables using semi-parametric
additive models. Then we forecast the demand distributions using a mixture of temperature
simulation, assumed future economic scenarios, and residual bootstrapping. The tempera-
ture simulation is implemented through a new seasonal bootstrapping method with variable
blocks.
The proposed methodology has been applied to forecast the probability distributions of an-
nual and weekly peak electricity demand up to 10 years ahead for South Australia since
2007. The 10-year probability of exceedance values (conditional on predicted economic and
demographic variables) for various probabilities including 10%, 50% and 90% have been cal-
culated in this paper. To evaluate the performance of the proposed methodology, we compute
the actual and forecast results for each summer. We also compute the 10-year forecasts based
on data observed to the end of the summer of 2007/08. The results show good forecasting
capacity of the proposed methodology at predicting the forecast distribution.
2 Data description and analysis
2.1 Load and temperature data
The forecasts presented in this paper are for South Australian “native demand”, being the
demand met by both scheduled and non-scheduled generators supplying the South Australian
region of the NEM. Each day is divided into 48 periods which correspond with NEM settlement
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periods.
South Australia is Australia’s fourth largest state and is largely a desert region. The population
of about 1.6 million is heavily concentrated in the capital city, Adelaide, and in nearby areas.
We obtained half-hourly demand data from the Electricity Supply Industry Planning Council
(ESIPC) of South Australia from 1 July 1997 to 31 March 2008.
Because our interest is in peak electricity demand, which occurs without exception in summer
for South Australia, only data from November–March were retained for analysis and mod-
elling. All data from April–October for each year were omitted. Thus, each “year” consists of
151 days. Here, we deﬁne the period November–March as “summer” for the purposes of this
paper.
Time plots of the half-hourly demand data are illustrated in Figures 1–2, which clearly show
the intra-day pattern (of length 48) and the weekly seasonality (of length 487 = 336); the
annual seasonality (of length 48151 = 7248) is less obvious.
The demand values include relatively large major industrial loads (from mining companies in
South Australia). The half-hourly major industrial demand is given in Fig. 3. It can be seen
that this load has increased from an average of around 50 MW to more than double, and is
Figure 1: Half-hourly demand data for South Australia from 1 July 1997 to 31 March 2008.
Only data from November–March are shown.
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Figure 2: Half-hourly demand data for South Australia, January 2008.
Figure 3: Half-hourly demand data for major industries. 1 July 1997–31 March 2008.
6Density forecasting for long-term peak electricity demand
Figure 4: Half-hourly South Australia electricity demand (excluding major industrial demand)
plotted against temperature (degrees Celsius).
likely to grow strongly in the future. Although this load can vary considerably over time (e.g.,
plant outages at the sites that have sometimes persisted for several months), the load is not
temperature sensitive. Therefore, it will be considered separately.
Half-hourly temperature data for two different locations in high demand areas (Kent Town
and Adelaide Airport) have been considered in this paper. The relationship between demand
(excluding major industrial loads) and average temperature is shown in Fig. 4, where a strong
non-linear relationship between load and temperature can be observed.
2.2 Demographic and economic data
The long-term electricity demand growth is largely dependent on demographic and economic
variables. We have considered the following annual demographic and economic observa-
tions, obtained from Australian Bureau of Statistics (ABS) at the end of each ﬁnancial year
(June 30).
1. Estimated residential population.
2. Persons per household.
3. Number of households.
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4. Adelaide CPI.
5. Household sector per capita disposable income.
6. GSP chain volume estimates.
7. Average electricity price (residential and business) per kWh.
8. Air-conditioning index (the proportion of households with an air-conditioning unit).
3 Methodology framework
Based on the available data described in the previous section, we propose a new methodology
to forecast density forecasts of peak load up to ten years ahead. The proposed methodological
framework in this paper is illustrated in Fig. 5. As indicated, the proposed methodology can
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Figure 5: Block diagram of the proposed methodology
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be summarized in three stages: modeling, simulating and forecasting, and evaluating.
The relationships between demand and the driver variables, including temperatures, calendar
effects and some demographic and economic variables, have been established using semi-
parametric additive models (Ruppert et al., 2003). The model can be split into annual effects
(economic and demographic variables) and half-hourly effects (temperature and calendar
variables), with the two parts of the model estimated separately. The annual effects were
selected using Akaike’s Information Criterion (AIC) and the half-hourly effects were selected
by minimizing the out-of-sample forecasting errors.
In the second stage, the forecast distributions were obtained from the estimated model using
a mixture of temperature and residual simulations, and future assumed demographical and
economic scenarios. A new seasonal bootstrapping method with variable blocks is applied to
resample residuals and temperatures. The temperature bootstrap is designed to capture the
serial correlation that is present in the data due to weather systems moving across South Aus-
tralia. More than 2000 years of temperatures are simulated to estimate the forecast density.
Finally, to evaluate the forecasting performance of the model, we compare the actual demand
of a summer with two different types of predictions: ex ante forecasts and ex post forecasts.
Speciﬁcally, ex ante forecasts are the forecasts made in advance using whatever information
is available at the time. On the other hand, ex post forecasts are those that are made using
information on the “driver variables” that is only known after the event being forecast. The
difference between the ex ante forecasts and ex post forecasts will provide a measure of
the effectiveness of the model for forecasting (taking out the effect of the forecast errors in
the input variables). The results show good forecasting capacity of the proposed model at
predicting the distribution of long-term electricity demand.




Our semi-parametric additive model is in the regression framework but with some non-linear
relationships and with serially correlated errors. This is similar to the models developed by
others including McSharry et al. (2005b) and Ramanathan et al. (1997), but we propose
9Density forecasting for long-term peak electricity demand
a large number of modiﬁcations and extensions to make the models more general, robust
and effective. In particular, our models allow nonlinear and nonparametric terms using the
framework of additive models (Hastie and Tibshirani, 1990).
Speciﬁc features of the models we consider are summarized below:
• temperature effects are modelled using regression splines;
• temperatures from the last three hours and the same period from the last six days are
considered;
• economic and demographic variables are modelled linearly;
• errors are serially correlated.
We ﬁt a separate model to the data from each half-hourly period. Since the demand patterns
change throughout the day, better estimates can be obtained if each half-hourly period is
treated separately. This procedure of using individual models for each time of the day has
also been applied by other researchers (Ramanathan et al., 1997; Fan and Chen, 2006).
The model for each half-hour period can be written as
log(yt,p   ot,p) = hp(t)+ fp(w1,t,w2,t)+
J X
j=1
cjzj,t + nt (1)
where
• yt,p denotes the demand at time t (measured in half-hourly intervals) during period p
(p = 1,...,48);
• ot,p denotes the major industrial demand for time t during period p; Here, major indus-
trial loads are subtracted and will be modelled separately.
• hp(t) models all calendar effects;
• fp(w1,t,w2,t) models all temperature effects where w1,t is a vector of recent tempera-
tures at Kent Town and w2,t is a vector of recent temperatures at Adelaide airport;
• zj,t is a demographic or economic variable at time t; its impact on demand is measured
via the coefﬁcient cj (these terms do not depend on the period p);
• nt denotes the model error at time t.
We model the log demand, rather than the raw demand. We tried a variety of transformations
of demand from the Box-Cox (1964) class and found that the logarithm resulted in the best
ﬁt to the available data. Natural logarithms have been used in all calculations. The effect
of this transformation is that major industrial demand has an additive effect on demand, but
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calendar, temperature, economic and demographic variables have multiplicative effects on
demand.
Calendar effects
hp(t) includes handle annual, weekly and daily seasonal patterns as well as public holidays:
hp(t) = t,p +t,p +t,p +t,p +`p(t) (2)
• t,p takes a different value for each day of the week (the “day of the week” effect);
• t,p takes value zero on a non-work day, some non-zero value on the day before a non-
work day and a different value on the day after a non-work day (the “holiday” effect);
• t,p takes value zero except for the time period from 12 midnight to 1am on New Year’s
Day (the “New Year’s Eve” effect);
• t,p takes value zero except for the time period from 12 midnight to 1am on New Year’s
Day of the year 2000 (the “millennium” effect);
• `p(t) is a smooth function that repeats each year (the “time of summer” effect).
The smooth function `(t) is estimated using a cubic regression spline. We choose six knots
at equally spaced times throughout the summer: 16.6 days, 33.6 days, 49.6 days, 66.6 days,
83.6 days, 99.6 days, 116.6 days and 132.6 days.
Temperature effects
The function fp(w1,t,w2,t) models the effects of recent temperatures on the aggregate de-
mand. Because the temperatures at the two locations are highly correlated, we don’t use
these directly. Instead, we take the average temperature across the two sites
xt = (w1,t + w2,t)=2
and the difference in temperatures between the two sites
dt = (w2,t   w1,t).
These will be almost uncorrelated with each other making it easier to use in statistical mod-
elling. Then the temperature effects are included using the following terms:



















t is the maximum of the xt values in the past 24 hours;
• x 
t is the minimum of the xt values in the past 24 hours;
• ¯ xt is the average temperature in the past seven days.
Each of the functions (fk,p, gj,p, Fk,p, Gj,p, qp, rp and sp) is assumed to be smooth and is
estimated using a cubic regression spline. We use splines with knots at 22 and 29C for f , F
and q. For the function r, we use knots at 13.8 and 16.9C. For the function s, we use knots
at 18.2 and 22.2C. For the functions g and G, we use knots at -2.2 and -0.7C. Other knot
positions were tried, including the inclusion of additional knots, but these positions gave the
best results.
Demographic and economic effects





Thus, each of these variables has a linear relationship with demand coefﬁcients c1,...,cJ.
Because economic relationships are usually relatively weak, and change slowly, we chose to
estimate each of these as a linear term with the same coefﬁcient for each time period. Fur-
thermore, the demographic and economic variables were subject to substantial measurement
error. Consequently, more complicated relationships for these variables are not justiﬁed.
Error term
The error term nt will be serially correlated, reﬂecting the fact that there are other environ-
mental conditions that are not captured in this model.
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4.2 Variable selection
A highly signiﬁcant model term does not necessarily translate into good forecasts. We need to
ﬁnd the best combination of the input variables for producing accurate demand forecasts.
First, we split the model into two separate models, one model based on the annual economic
and demographic variables (the linear terms), and the other based on the remaining variables
which are measured at half-hourly intervals. Thus,
log(yt,p   ot,p) = log(y
t,p)+log(¯ yi)
where ¯ yi is the median non-mining demand for the summer in which time period t falls, and
y
t,p is the standardized non-mining demand for time t and period p. The top panel of Fig. 6
shows the original demand data with the median annual summer values shown in red, and
the bottom panel shows the half-hourly adjusted demand data. Then
log(y






where the two error terms, et and "i sum to nt.
Temperature and calendar variables
We ﬁt a separate model of the form (5) for each half-hourly period, i.e., we ﬁt 48 half-hourly
demand models. For each model, the temperature and calendar variables are selected through
a cross-validation procedure. That is, we separate the data into training and validation sets,
and then select the input variables by minimizing the accumulated prediction errors for the
validation data set. Here we use the mean squared error (MSE) as the selection criterion, and
only time periods between 12noon and 8.30pm were included in the MSE calculations, since
our major concern is the peak load.
The predictive value of each term in the model was tested independently by dropping each
term from the model while retaining all other terms. Omitted terms that led to a decrease in
MSE were left out of the model in subsequent tests. Thus, we carried out a step-wise variable
selection procedure based on out-of-sample predictive accuracy.
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Figure 6: Top: Half-hourly demand data for South Australia from 1 July 1997 to 31 March
2008. The median annual demand shown as a red line. Bottom: Adjusted half-hourly
demand where each year of demand is adjusted to have median 1. Only data from
November–March are shown.
Many hundreds of variable combinations were tested in the calculation. The following input
variables were selected:
• the current temperature and temperatures from the last 2.5 hours;
• temperatures from the same time period for the last two days;
• the current temperature differential and the temperature differential from the last six
hours;
• the temperature differential from the same time period of the previous day;
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• the maximum temperature in the last 24 hours;
• the minimum temperature in the last 24 hours;
• the average temperature in the last seven days;
• the day of the week
• the holiday effect
• the day of summer effect
Once the best model was identiﬁed, the model was reﬁtted using all available data.
Demographic and economic variables
We consider models of the form (6) in selecting the various demographic and economic vari-
ables. In addition, we include lagged average price (due to the lagged effect of price on
demand) and the number of cooling degree-days for each summer. For each day, the cooling
degrees is deﬁned as the difference between the mean temperature and 18.5C. If this dif-
ference is negative, the cooling degrees is set to zero. These values are added up for each
summer to give the cooling degree-days for the summer.
Because there is so little available annual data, we could not use out-of-sample tests for vari-
able selection with model (6). Instead, we used the corrected Akaike’s Information Criterion
(Harrell, 2001, p.202) to select the best model. The corrected AIC can be expressed as







where L is the log-likelihood of the model, p is the number of parameters in the model and n
is the number of observations used in ﬁtting the model. So it is a penalized likelihood method.
The lower the value of the AIC, the better the model.
A large range of models were considered; the best model included the GSP , lagged average
price and cooling degree days with the following estimated coefﬁcients.
• The coefﬁcient of GSP was 1.16710 5. That is, annual median demand increases by
1.17% for every additional $1 billion of GSP.
• The coefﬁcient of the price variable was  0.0201. That is, annual median demand
decreases by 1.99% for every additional cent/kWH that price increases.
• The coefﬁcient of cooling degree-days was 3.215  10 4. That is, annual median de-
mand increases by 3.27% for every additional 100 cooling degree days.
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Figure 7: Actual summer demand and summer demand predicted from the model for annual
data.
4.3 Model ﬁtting
We investigate the predictive capacity of the model by looking at the ﬁtted values. Fig. 7
shows the ﬁtted annual median demand. It can be seen that the variables have captured the
underlying trend in electricity demand remarkably well.
We combine these annual ﬁts with the ﬁts from the half-hourly model (5), to obtain estimated
demand at each period of historical data. These are shown in Fig. 8. Fig. 9 illustrates the
model prediction for January 2008. The ﬁtted and actual values are almost indistinguishable
showing that the vast majority of the variation in the data has been accounted for through the
driver variables.
These “predicted” values are not true forecasts as the demand values from these periods were
used in constructing the statistical model. Consequently, they tend to be more accurate than
what is possible using true forecasts.
The difference between actual demand and ﬁtted demand are known as the residuals; these
values are shown in Fig. 10. In this case, the MAE is 51.4 MW or about 2% of the total
variation in demand.
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Figure 8: Time plots of actual and predicted demand.
The out-of-sample forecast accuracy will, on average, be worse than the in-sample forecast
accuracy. In other words, the MAE calculated on out-of-sample forecasts will be higher than
the MAE calculated above on in-sample predictions. In Section 6.2 we will consider out-of-
sample forecast evaluation for the summer of 2007/08.
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Figure 9: Actual and predicted demand for the ﬁrst three weeks of January 2008.
Figure 10: Half-hourly residuals (actual   predicted) from the demand model.
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5 Temperature simulation
For forecasting, we will need future values of the input variables, i.e. temperatures and
economic data. We obtained the long-term GSP forecasts and pricing scenarios from ESIPC.
To simulate the temperatures, we propose a new double seasonal block bootstrap method that
involves blocks of variable length and variable start position for producing the distribution of
half-hourly temperatures across the year. The effectiveness of the proposed method has been
validated by reproducing the probability distribution of historical demand using simulated
temperatures.
5.1 Bootstrap temperature resampling
Single season block bootstrap
The method of bootstrapping involves randomly resampling historical data. With time series,
it is important to preserve any seasonal or trend patterns as well as the inherent serial cor-
relation. The standard method for bootstrapping time series is the “block bootstrap” (Politis,
2003) which involves taking random segments of the historical time series and pasting them
together to form new artiﬁcial series. There are obviously a very large number of such series
that could be formulated in this way. A key parameter in the technique is the length of each
segment. This needs to be long enough to capture the essential serial correlations in the data,
but short enough to allow a large number of possible simulated series to be generated.
When applied to seasonal time series, it is important that the length of each segment or block
is a multiple of the length of the seasonal period. Politis (2001) calls this a “seasonal block
bootstrap” although we will call it a “single season block bootstrap” to distinguish it from the
double seasonal version to follow.
In a single season block bootstrap, a bootstrap series consists of whole seasons from the his-
torical data, pasted together in a different order from how they were observed. For example,
if this was applied to quarterly data from 1980–2007, then the seasonal period is four quarters
or one year. A bootstrapped series of the same length as the original series would consist of
a shufﬂed version of the data, where the data for each year stays together but the years are
rearranged. For example, it may look like this:
1999 1994 2005 1991 1986 ... 1985
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In this paper, we will apply this approach to residuals from a ﬁtted model which have a sea-
sonal period of 48 half-hourly periods or one day. The series also show some serial correlation
up to about 14 days in length. So we could sample in blocks of 14 days, or 672 time periods.
The whole series would be divided into these blocks of length 14 days. In ten years of data
(each of length 151 days), we would have 107 complete blocks as follows:
Block 1 Block 2 Block 3 Block 4 ... Block 107
where Block 1 consists of observations from days 1–14, Block 2 consists of observations from
days 15–28, and so on.
Then a bootstrap sample is obtained by simply randomly resampling from the 107 blocks. For
example, the bootstrap series may be constructed as follows:
Block 105 Block 73 Block 39 Block 54 ... Block 5
Double season block bootstrap
The above approach is not suitable for temperature simulation because temperatures contain
two types of seasonality: daily seasonality as well as annual seasonality. If we were to take the
whole year as the seasonal period, there would be too few years to obtain enough variation
in the bootstrap samples.
Consequently, a new approach is required. We extended the idea of Politis (2001) for time
series such as half-hourly temperatures that involve two seasonal periods. Speciﬁcally, we
divide each year of data into blocks of length 48m where m is an integer. Thus, each block is
of length m days. For the sake of illustration, suppose m = 9 days. Then block 1 consists of
the ﬁrst 9 days of the year, block 2 consists of the next 9 days, and so on. There are a total of
151=9 = 16.8 blocks in each year. The last partial block will consist of only 7 days.
Then the bootstrap series consists of a sample of blocks 1 to 17 where each block may come
from a different randomly selected year. For example, block 1 may come from 1999, block 2
from 1996, block 3 from 2003, and so on. The randomly selected years give rise to a large
range of possible bootstrapped series.
The idea is best illustrated in a diagram. The original data can be arranged as follows.
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B1:1997 B2:1997 B3:1997 B4:1997 ... B17:1997
B1:1998 B2:1998 B3:1998 B4:1998 ... B17:1998
B1:1999 B2:1999 B3:1999 B4:1999 ... B17:1999
. . .
B1:2007 B2:2007 B3:2007 B4:2007 ... B17:2007
Then one possible bootstrap series may look like this.
B1:2007 B2:2005 B3:2002 B4:2001 ... B17:1999
B1:1999 B2:2007 B3:2002 B4:1999 ... B17:1998
B1:2002 B2:1997 B3:2003 B4:2001 ... B17:2004
. . .
B1:2003 B2:2003 B3:2004 B4:2006 ... B17:1997
The difference between this and the previous single season block bootstrap is that here, the
blocks stay at the same time of year as they were observed, although they may randomly move
between years.
One problem with this double seasonal block bootstrap method is that the boundaries between
blocks can introduce some unrealistic large jumps in temperature. However, this behaviour
only ever occurs at midnight, thus, the phenomenon is unlikely to be a problem for our simu-
lation purposes since we are interested in high temperature.
As explained above, the number of possible values the simulated series can take on any given
day is limited to the speciﬁc historical values that have occurred on that day in previous
years. With ten years of historical data, there are only ten possible values that any speciﬁc
point in the simulated series can take. While calculating statistics such as probability levels
for individual days, it becomes a problem as there is insufﬁcient variation to obtain accurate
estimates.
Consequently, we introduce some variation in length and position. That is, instead of having
blocks of ﬁxed length m, we allow the blocks to be of length between m  days and m+
days where 0   < m. Further, instead of requiring blocks to remain in exactly the same
location within the year, we allow them to move up to  days from their original position.
This has little effect on the overall time series patterns provided  is relatively small, and
allows each temperature in the simulated series to take a greater number of different values.
We use a uniform distribution on (m ,m+) to select block length, and an independent
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uniform distribution on ( ,) to select the variation on the starting position for each block.
This “double seasonal block bootstrap with variable blocks” performs much better in produc-
ing the distribution of temperatures on a given day due to the larger number of potential
values the simulated temperatures can take.
The simulated temperatures are actually adjusted slightly by adding some additional noise to
allow the distribution of daily maximum temperatures to closely match those observed since
1900. The same noise value is added to each time period in a block and to both temperature
sites. This ensures the serial correlations and the cross-correlations are preserved.
5.2 Probability distribution reproduction
To validate the effectiveness of the proposed temperature simulation, we reproduce the prob-
ability distribution of historical demand using known economic values but simulating temper-
atures, and then compare with the real demand data.
Figure 11 shows PoE levels for all years of historical data using known economic values but
simulating temperatures. These are based on the distribution of the annual maximum in each




































Figure 11: PoE levels for all years of historical data using known economic values but simulating
temperatures.
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Figure 12: Probability distribution of the weekly maximum demand for all years of historical
data using known economic values but simulating temperatures.
maximums above the 50% PoE level, two annual maximums below the 90% PoE level and no
annual maximums above the 10% PoE levels. Of the 231 historical weekly maximum demand
values in the past eleven summers, there have been nineteen above the 10% distribution
level and twenty-one below the 90% distribution level. Therefore, it can be inferred that the
reproduced probability distribution are within the ranges that would occur by chance with
high probability (based on a binomial distribution). This provides good evidence that the
forecast distributions will also be reliable for future years.
6 Forecasting and evaluation
We now forecast the distribution of annual and weekly peak electricity demand up to ten
years ahead, and evaluate the model performance by comparing the forecasting results with
the real demand data for summer 2007/2008.
6.1 Forecasting results
Forecasts of the distribution of demand are computed by simulation from the ﬁtted model
as described above. The temperatures at two locations are simulated from historical values
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observed in 1997–2008 using the proposed double seasonal bootstrap with variable length.
A total of 2000 years of temperature proﬁles were generated in this way for each year to be
forecast.
Three different future scenarios for GSP , major industrial loads and average retail price were
provided by ESIPC and are shown in Fig. 13. Future major industrial loads have been set
based on the expected level of activity at these sites
The simulated temperatures, known calendar effects, assumed values of GSP , electricity price
and major industrial demand, and simulated residuals, are all combined using the ﬁtted sta-
tistical model to give simulated electricity demand for every half-hourly period in the years to
be forecast. Thus, we are predicting what could happen in the years 2008–2018 under these
assumed economic and demographic forecasting scenarios, but allowing for random variation
in temperature events and other conditions.
To simulate the major industrial demand, ot,p, we assume that it takes the form ot,p = ¯ ot+ut,p
where ¯ ot is the annual major industrial demand and ut,p is a (serially correlated) residual term
that is independent of all other terms in the model. We use another single seasonal block
bootstrap of length 20 days to simulate ut,p and assume ¯ ot is equal to the speciﬁed values in
Fig. 13 (the low and base values are identical).
Probability distributions
We calculate the forecast distributions of the weekly maximum half-hourly demand for any
randomly chosen week in summer, and the annual maximum half-hourly demand, using ker-
nel density estimation (Silverman, 1986). Fig. 14 shows the simulated annual maximum
demand densities for 2008/2009 – 2018/2019. Similarly, Figure 15 shows the simulated
weekly maximum demand densities for 2008/2009 – 2018/2019.































































































Figure 13: Three future scenarios for major industrial demand and South Australia’s GSP and
average electricity price. The bottom panel shows the predicted effect on annual
median demand for South Australia.
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Figure 14: Distribution of simulated annual maximum demand for 2008/2009 – 2018/2019.
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Figure 15: Distribution of simulated weekly maximum demand for 2008/2009 – 2018/2019.
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Probability of exceedance
We also calculated “probability of exceedance” levels from the simulated data. Suppose we are
interested in the level x such that the probability of the annual maximum demand exceeding
x is p. Then x is the (1   p)th quantile of the distribution of the simulated demand values,
which we compute using the approach recommended by Hyndman and Fan (1996).
PoE values based on the annual maxima are plotted in Fig. 16, along with the historical PoE
values and the observed annual maximum demand values. Fig. 17 shows similar levels for the



































Figure 16: Probability of exceedance values for past and future years. High scenario: dotted
lines. Base scenario: solid lines. Low scenario: dashed lines.
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Figure 17: Probability distribution levels for past and future years. High scenario: dotted lines.
Base scenario: solid lines. Low scenario: dashed lines.
6.2 Model evaluation
To evaluate the forecasting performance, we compare the actual demand of the last summer
of data (2007/2008) with two different types of predictions: ex ante forecasts and ex post
forecasts. Speciﬁcally, ex ante forecasts are those that are made using only the information
that is available in advance; consequently, we calculate 2007/08 summer demand using eco-
nomic conditions as assumed in 2007 and simulated temperatures based on models for data
up to 2007.
On the other hand, ex post forecasts are those that are made using known information on
the “driver variables”. In this evaluation, ex post forecasts for 2007/08 summer are calcu-
lated using known economic conditions in 2007 and known temperatures for the summer of
2007/08. We do not use data from the forecast period for the model estimation or variable
selection. Ex post forecasts can assume knowledge of the input or driver variables, but should
not assume knowledge of the data that are to be forecast.
The difference between the ex ante forecasts and ex post forecasts will provide a measure of
the effectiveness of the model for forecasting (taking out the effect of the forecast errors in
the input variables).
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Figure 18 illustrates the ex ante forecast density function for maximum weekly demand and
maximum annual demand for 2007/08.
These graphs demonstrate that the actual demand values ﬁt the ex ante forecast distribu-
tions remarkably well. The upper graph provides the best evidence of the performance of the
model. In this case, the 21 actual weekly maximum demand values all fall within the region
predicted from the ex ante forecast distribution. Although there is only one annual maxi-
mum demand observed, the bottom graph shows that this also falls well within the predicted
region. Figure 18 also indicates the effect of updating and including the ex post economic in-
formation subject to the use of simulated temperatures and random components. The graphs
also show that the uncertainty associated with the economic variables is very small compared
to the uncertainty due to temperatures and other sources of variation. However, there is con-
siderable uncertainty associated with the economic forecasts themselves, especially over the
longer term, since economic relationships might change over time (e.g., uncertainties about
the impact of carbon pricing, adoption of new efﬁciency measures and new technologies).
7 Conclusion
In this paper, we have proposed a new semi-parametric methodology to forecast the density
of long-term annual and weekly peak electricity demand. The key features of our model
are that it provides a full density forecast for the peak demand several years ahead, with
quantiﬁable probabilistic uncertainty. It captures the complex non-linear effect of temperature
and allows for calendar effects, price changes, economic growth, and other possible drivers.
The forecasting results demonstrate that the model performs remarkably well on the historical
data.
As with any new methodology, there are some areas for possible future improvement. For in-
stance, we assume that the long-term temperature patterns are stable in this work; however,
climate change is likely to have much more complex and subtle effects on future tempera-
ture patterns and distributions. We are endeavouring to incorporate some long-term climate
change predictions into our model. Another area for development is to increase the number of
temperature sites in the model. For South Australia’s geographically concentrated population,
two temperature sites may be adequate. But for other regions, a larger number of temperature
sites would be desirable.
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Figure 18: Ex ante probability density functions for half-hourly, weekly maximum demand and
annual maximum demand. Actual values and ex post forecasts are also shown.
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